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Supply–demand interaction is a challenge that must be considered
in no-notice evacuation modeling. It is quite common that during an
evacuation event, demand is much greater than supply for an extended
time period, resulting in severe and prolonged traffic congestion.
The severity and temporal extent of such congestion cannot be esti-
mated by simple calculation because of the traffic flow phenomenon
in which the traffic throughput is much less than the nominal capacity
under severe congestion. Even more, evacuees change their decisions
before or during evacuation in response to various traffic management
strategies, such as radio and message sign information or contraflow
lanes and improved signal control. Once the traffic management
decisions are modified, the traffic demand on various evacuation
routes would change, as does the congestion resulting from this new
demand–supply interaction.
The system performance of such an interaction can be properly
captured through a descriptive traffic simulation model combined
with a prescriptive optimization model for the evacuation strategies.
The selection and implementation of no-notice evacuation strategies
need to be driven by one or several system objectives. In the prescrip-
tive concept, the best possible strategy is then established through a
system optimization approach.
Most traditional prescriptive models use only static flow without
considering vehicular flow dynamics, such as shock wave propagation
or queue formation and dissipation. In recent years, the cell transmis-
sion model (CTM) (1) has been used as part of the system-optimal
(SO) dynamic traffic assignment (DTA) method (2) in several evacu-
ation studies (3, 4), to determine the multidimensional optimal deci-
sions simultaneously, including evacuees’ departure time, destination,
and route choices (5).
The “information” component is another important element that
needs to be properly captured in evacuation modeling. Chiu and
Mirchandani studied the attributes of information affecting evacuation
route choice and demonstrated how to use information to influence
evacuees’ route choice to reach the SO state (6). Furthermore, disaster-
and evacuation-related information available through various infor-
mation dissemination channels to both evacuees and nonevacuees can
affect their decisions before and during the evacuation. For example,
information about the blockage or closure of a certain area would
result in the diversion of nonevacuees who originally intend to traverse
the (now-closed) hot zone. Nonevacuees are also likely to synthesize
the closure information and past experience to determine their own
best alternative route. Such critical aspects of information have
not been well addressed in the literature for no-notice evacuation
scenarios.
The main technical contributions of this study are twofold. First,
a simulation–optimization framework is proposed in which a uni-
versal quickest flow (UQF)—also known as the earliest arrival flow
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This paper discusses details of developing an optimal zone-based vehicle
evacuation strategy based on an optimization–simulation approach.
The optimal egress strategy is obtained by solving a universal quickest
flow problem, and the solution is implemented and evaluated in a meso-
scopic simulation model. Evacuees would follow optimal routes to safe
locations outside the hot zone and then select behaviorally realistic
routes to their final destinations. Background traffic is included in the
model to simulate more realistic traffic conditions. The route choice of
background traffic in response to the evacuation strategy and driver
information strategies is carefully addressed. Operational issues such as
temporal loading intensity and queuing at parking lots are also modeled
and discussed. The modeling framework has been applied to a bomb
threat scenario at a football stadium. The case study shows that the
proposed methods generate reasonable and meaningful results for the
intended no-notice scenario.
As one aspect of disaster mitigation and evacuation planning, planners
must be able to develop effective tactical and operational strategies
to manage traffic and transportation needs during an evacuation.
Evacuation strategies are fundamentally subject to and dependent
on effective utilization and allocation of roadway capacities, traffic
management equipment, and various emergency response resources.
The development of such strategies is a challenging task that may
be greatly aided by involving mathematical traffic modeling with
optimization insights. In this paper a no-notice evacuation is con-
sidered, that is, an event that may involve a large population and
requires evacuation activities in the high-risk area (“hot zone”) to take
place immediately. It is well recognized that a variety of evacuation
objectives and strategies may be attended for no-notice evacuations,
which differ considerably depending on the characteristics of disas-
ters and response needs. For a no-notice event, as populations
already have been experiencing risk and any delay would lead to
additional risk exposure, the most meaningful goal is to maximize
the number of people getting to safety at all times θ = 1, 2, . . . , T
during the entire evacuation period T.
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(EAF)—model encapsulating CTM is developed. It is shown that
UQF combined with CTM is equivalent to the system-optimal DTA
(SO-DTA) approach in Ziliaskopoulos (2). The UQF model simul-
taneously optimizes the following three objectives: (a) minimize total
travel time, (b) minimize clearance time, and (c) maximize exit flow
at every time point, thus leading to an effective tactical strategy for
the no-notice evacuation. Second, realistic information provisions
and response for both evacuees and nonevacuees are modeled in a
mesoscopic simulator—DynusT (7). The effectiveness of the proposed
approach is demonstrated in a bomb threat case study.
The next section of this paper provides a brief review of the litera-
ture; followed by a section documenting the model details. An appli-
cation of the proposed models for a bomb threat at a football game
scenario is presented next. Concluding remarks are offered in the
last section.
LITERATURE REVIEW
Methodologies of evacuation models can be classified in two cate-
gories: descriptive and prescriptive models. Most descriptive models
generate a priori what-if scenario-based evacuation plans (8–11).
When a need for evacuation arises, the best-fit plan is selected. For
the no-notice evacuation situation, however, the scope and extent of
66 Transportation Research Record 2196
the hazard(s) are unknown at the time the event occurs. Therefore, the
effectiveness of predefined evacuation plans may be limited.
Contrasting with descriptive models, prescriptive models provide
an optimal or near-optimal plan for a certain defined objective. Several
evacuation decision models were proposed in the early 1980s and
1990s (12, 13). Recent works include models on traffic management
strategies and optimal scheduling and traffic assignment decisions
(3, 14), contraflow planning and network design (15, 16), and optimal
signal design for evacuation (17 ).
RESEARCH METHODOLOGY
The overall research framework is a bilevel procedure as illustrated
in Figure 1. The upper-level model calls for the optimal decisions with
the goal of UQF. The UQF model encapsulates CTM to account for
realistic traffic flow properties. The lower level reallocates network
resources by eliminating bottlenecks under the given flow decisions
from the upper level. Traffic simulation plays a central role in this
procedure because it simulates many real-world factors such as
traffic signals, stop signs and, most important, travel choice behavior
for evacuee and background traffic. Bottlenecks in the network are
identified in simulation, and contraflow operations and signal timings
are improved to eliminate bottlenecks. If the network changes in the
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FIGURE 1 Modeling procedures using simulation platform.
lower-level model (lane reallocation), the process then feeds back
to the upper model to solve for the optimal flows again. These pro-
cedures are repeated until no obvious bottleneck exists, or no further
traffic condition improvement can be achieved. The final measures
of effectiveness (MoEs) are reported by simulation.
Modeling of Evacuation Traffic
Optimal Hot Zone Egress Scheme
Evacuation and background demand are estimated separately because
of their distinct spatial and temporal patterns. Forecasting evacuation
demand involves not only calculating the number of evacuees exposed
to the threat, but also determining the timing of evacuation decisions.
For a no-notice event, one simple way to calculate the number of
evacuees is to sum up all populations potentially exposed to the
hazardous threat. Although the actual participation rate in the evac-
uation activity is dependent on many behavioral factors, it is reason-
able in the strategy development because the worst case possible is
being considered.
There could be multiple and chained destinations for the evac-
uation demand, which needs additional treatment in developing an
evacuation routing plan. The routing plan is aimed at guiding vehicles
to reach the closest safe destinations outside the hot zone as quickly
as possible. These safe destinations are suggested by the optimization
method in the upper-level model and may not necessarily be the final
destinations for evacuees. More specifically, vehicles may first go
to safe destinations and then go home, if home is in the safe area.
In this trip chain, the safe destinations are designated by the routing
strategy, regardless of where home is located. However, the rest of
the chain also needs to be considered, namely, the trip from the safe
destinations to home. This second trip apparently interacts with the
first trip for evacuees, together with the background trips for non-
evacuees. The simulation platform is used to model such complex
trip behaviors.
The zone-based tactical strategy aims to route evacuees out of
the hot zone with the goal of UQF, in which the optimization model
simultaneously solves for the optimal evacuation destinations, routes,
and flow splits from the hot zone to safe destinations (6). In other
words, all boundary nodes outside the hot zones are designated as
physical safe destinations and are connected to a hypothetical sink
node. This hypothetical sink node serves as the single virtual destina-
tion for all evacuation flows, and thus the evacuation flow problem is
transformed into a single-destination network flow problem (6).
Assigning Routes for Evacuees 
from Safe Zones to Final Destinations
Assumptions on routing behavior strongly affect the results in a
no-notice evacuation scenario. Although evacuees in the hot zone
can be asked to follow designated routes, in the second chained trip
from the safe locations to home, evacuees are expected to make a route
choice based on both their experience and any instantaneous road
information. It is assumed that information of current traffic perfor-
mance is delivered to partial drivers. In the simulation model, those
who are not affected by the incident (path does not traverse the hot
zone) follow the habitual dynamic-user-equilibrium paths. Those who
are affected by the hot zone are assigned the shortest paths that are
calculated on the link travel times weighted from both historical and
current conditions.
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Objective of Optimization: Universal Quickest Flow
With the single-destination network structure, the proposed zone-
based tactical strategy is to maximize the amount of flow arriving at
the hypothetical sink node at every time point during the entire
evacuation period.
Several flow optimization objectives and strategies for evacuation
purposes can be found in the literature, including the following:
1. Maximum dynamic flow (transshipment) (18). Given a time
horizon T, find the maximum flow that can be sent from a source
(sources) to a sink (sinks) within T.
2. Quickest flow (19). Given a certain amount of flow to be sent,
find the minimum feasible time horizon T.
3. EAF or UQF (20, 21). A flow that maximizes the amount 
of flow reaching the single sink during every time interval [0, θ],
∀θ = 0, 1, . . . , T simultaneously is called the EAF, or UQF. Let yτ
represent any feasible arrival flow and (yτ)* be the earliest arrival flow,
it holds ∑θτ=0(yτ)* ≥ ∑θτ=0 yτ for every θ = 0, 1, . . . , T.
The third class is the most intuitive objective in a no-notice evacuation
context; it is used in developing the tactical strategy.
UQF was first proposed by Gale, who showed the existence of such
a flow pattern in a single-source, single-sink network (21). UQF does
not necessarily exist in a multisource multisink network (22). For a
single-sink network with multiple sources, however, the UQF does
always exist (23).
In the following, it is shown that the UQF can be modeled in a
CTM-based network, in which the UQF objective is identical to the
SO-DTA modeled by Ziliaskopoulos (2). Ziliaskopoulos’ formulation
is as follows:
C = set of all the cells; includes ordinary cells CO, diverge
cells CD, merge cells CM, source cells CS, and sink cells CT;
H = set of cell connectors, includes ordinary connectors HO,
merge connectors HM, and diverge connectors HD;
Γ(i) = successor cells of cell i ∈ C;
Γ−1(i) = predecessor cells of cell i ∈ C;
T = time horizon;
τ = discrete time interval;
x i
τ
= flow (number of vehicles) in cell i ∈ C during τ;
y τij = flow (number of vehicles) moves from cell i ∈ C to j ∈ C
during τ;
N iτ = maximum flow (number of vehicles) can be stored in
cell i ∈ C during τ;
Qiτ = maximum flow (number of vehicles) can pass in or out
of cell i ∈ C during τ;
biτ = time-dependent demand in cell i ∈ CS during τ;
b(i) = total demand in cell i ∈ CS for [0, T];
µi = free-flow speed at cell i;
ωi = backward wave speed at cell i; and
δi = ratio ωi/µi at cell i.
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Equation 1 is the objective of minimizing the total travel time for all
cells (exclude the sink cell); so it is a minimum-cost flow problem.
The benefit of the model is to capture the wave propagation effects
through the ratio of the backward wave speed to the free-flow speed
δi = −ωi /µi < 1 in Equation 8. For details of the CTM and CTM-based
SO-DTA problem see Daganzo (1) and Ziliaskopoulos (2).
Although the model has been applied in several evacuation studies,
all existing work applies it to a minimum-cost objective, which is
not the most intuitive (5, 24). However, this minimal-cost objective
could be shown to be equivalent to UQF.
The objective function of SO-DTA is to minimize total travel
time among all cells except the sink cell, which can be written into
Equation 11, provided that all demand was eventually sent to the
sink t at the end of horizon T.
Here biτ is time-dependent demand, and y τkt denotes the exiting flow
on connectors connecting to the sink node t. So the right-hand-side
term of Equation 11 represents the arrival time minus departure time,
which is another way to describe travel time. As biτ is predefined,
Objective 1 equals Equation 12.
The remaining shows that a flow with Objective 12 is optimum
only if it is a UQF or EAF. Jarvis and Ratliff have shown that a
flow meeting Objective 12 is equivalent to UQF (25); however,
their proof relied on the Ford–Fulkerson algorithm and thus was
limited to a single-source, single-sink network with time-invariant
parameters (18). The following general approach shows that this
proposition is true even in a network with multiple sources and
time-varying parameters.
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It is easy to show that any flow satisfying Equation 12 must be a
UQF. Assuming not, it implies at least  > 0 units of flow arriving at
τ′ > τ actually are able to arrive at τ. This situation strictly reduces
the objective of Equation 12 and thus violates that Equation 12 is
minimal. For simplicity, let yτ represent ∑k∈Γ−1(t)y τkt. It is then shown,
if flow f = (yτ)* is the earliest arrival then it must be with the minimum
of ∑τ≤T τ(yτ)*. As f is the earliest arrival, so ∑θτ=0(yτ)* ≥ ∑θτ=0 yτ,
∀θ = 0, 1, . . . , T strictly holds, where yτ is any feasible arrival
flow satisfying ∑Tτ=0 yτ = ∑Tτ=0(yτ)* = ∑i∈CSb(i). From the summation∑θτ=0(yτ)* ≥ ∑θτ=0yτ for θ = 0, 1, . . . , T, follows ∑Tτ=0(T − τ + 1)(yτ)* ≥
∑Tτ=0(T − τ + 1)yτ. Since ∑Tτ=0(yτ)* = ∑Tτ=0yτ and T∑Tτ=0(yτ)* = T∑Tτ=0 yτ,
then ∑Tτ=0τ(yτ)* ≤ ∑Tτ=0τyτ. This concludes the proof of the equivalence
of SO-DTA and UQF or EAF.
A tactical strategy of UQF has the following advantage. It is known
that the quickest flow achieves minimum clearance time. As a result
of the algorithm provided by Burkard et al. (19), the quickest flow
corresponds to a minimum time when the maximum dynamic flow
is equal to the total demand. So the quickest flow maintains the
maximum flow at the end of horizon, and clearly UQF is a subset of
the quickest flow. It implies that model P achieves three different
objectives of this optimization problem simultaneously: (a) minimizes
total travel time (SO-DTA), (b) minimizes clearance time (quickest
flow), and (c) maximizes number of exit vehicles (throughput) at every
time point (UQF).
Solving model P is not trivial because of the problem size;
moreover, linear programming (LP) solvers provide only link-based
solutions. The present modeling strategy is to solve UQF instead of
Objective 1. Zheng developed a network flow algorithm producing
path-based flows, which appears to be more computationally efficient
than LP approaches (26).
Participation Temporal Loading Intensity
Another important behavioral aspect is the temporal loading intensity
and timing of actual evacuation decisions. These issues certainly
depend on factors including the extent of the disaster threat and the
evacuees’ attitudes responding to the threat. Full participation is used
to be conservative, and a way in simulation is developed to measure
the impact of “hurrying,” or temporal loading intensity. The level
of hurrying is assumed to be commensurate with the length of the
departure time window. The more hurried behavior comes with a
short and urgent departure time window.
Queuing at Parking Lots
In a real evacuation, parking lots may become bottlenecks as a
result of high demand to access the adjacent roadway in a limited
time window. It is proposed that entry queue time (time between
when a vehicle is generated and when a vehicle is actually loaded
onto the roadway) be used to measure delay at a parking lot, 
and that trip time (time between when a vehicle is loaded onto 
the roadway and when the vehicle reaches its final destination) be
used to measure the actual time traveling on the roadway. The
combined time, including both entry queue time and trip time, is
measured as travel time. From the standpoint of a zone-based
evacuation strategy, a partial outcome may be reduced entry queue
time and risk exposure time, perhaps at the cost of increasing the
trip time.
Modeling of Background Traffic
The background traffic is defined to be the nonevacuee travelers.
Given a large modeling network, most of the background travelers
are with origins and destinations outside the hot zone. Their travel may
or may not be affected by the disaster, particularly when the modeled
network is large. For those who are not affected, the origin–destination
(O-D) vehicles and their habitual routes may be estimated on 
the basis of the existing O-D data provided by a planning agency.
In the present approach the habitual routes of background traffic
are assumed to be affected by traffic regulation and broadcast
information about the disaster. They may have to detour, and their
routes provided in the simulation model depend on the behavioral
rule accounting for both habitual experience and instantaneous
broadcast information.
Some background travel may involve O-Ds under threat. Those
trips originated from the hot zone are considered evacuation trips
if a mandatory evacuation order is issued. Those trips destined at
the hot zone are routed to one of the designated safe destinations.
The modeling of the background traffic follows the steps below:
1. Construct the time-dependent O-D tables by requesting them
from the planning agency or approximating from static O-D data.
2. Adjust O-D tables as follows: deduct travelers originating from
the hot zone, and modify trips destined to locations in the hot zone
to safe destinations.
3. Conduct the dynamic user equilibrium (DUE) assignment for the
entire region.
4. Save the time-dependent link travel time and node penalties
from the DUE case.
5. For those travelers who qualify to be background traffic, retain
their DUE paths.
In simulation, a background traffic driver starts the trip with a
habitual path. This driver would search for a new route if (a) he or
she receives radio information that the habitual path is blocked by the
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hot zone or (b) the downstream node of the current link is blocked by
the hot zone.
The shortest path algorithm consists of the following steps:
1. For those links included in a hot zone, the link travel time and
intersection traversal times are assigned a high penalty.
2. For other links, the link travel time and intersection traversal
times are assigned with those saved from the DUE case.
3. Activate the time-dependent shortest path (TDSP) algorithm.
4. Assign the TDSP to those background travelers who decide to
divert.
The steps above ensure that the background traffic can be diverted
following a path that is calculated on the basis of experience and
road closure information.
Exposure Time and Exposed Vehicles
Most research applies “clearance time” or “total travel time” as the
MoE for an evacuation strategy. The goal of the present evacuation
strategy is to evacuate vehicles out of the hot zone as early as possible,
that is, not only to minimize the clearance time or total travel time
but also to minimize evacuees’ exposure to risk at any time point as
a result of a strategy of UQF. In the proposed approach, in addition
to clearance time, the average exposure time and the average number
of exposed vehicles are also reported.
Let A(t) be the arrival curve and D(t) be the departure curve, then
the area between A(t) and D(t), that is, the shaded area illustrated in
Figure 2, defines the total exposure in the hot zone. If W(n) is used
to represent the time exposed in a hot zone for vehicle n and Q(t)
represents the number of vehicles exposed to risk at time t, then the
total exposure can be computed by
Q t dt W n dnT N( ) = ( )∫ ∫0 0
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FIGURE 2 Illustration of exposure time and exposed vehicle calculation.
where T is the clearance time and N is the total number of evacuation
vehicles. Then, the average number of exposed vehicles per time
unit is defined as Q– = ∫T0Q(t)dt/T, and the average exposure time per
vehicle is defined as W– = ∫N0W(n)/N, by analogy of the average queue
length and delay computed in a queuing system.
CASE STUDY: CARDINALS GAME SCENARIO 
IN PHOENIX, ARIZONA
Scenario and Data
A bomb threat during an Arizona Cardinals football game defines a
no-notice evacuation scenario because the evacuation activity could
take place immediately after the alert. The hot zone was defined as
the area within an approximately 3-mi radius from the stadium.
It was assumed that kickoff was at 7 p.m. on Monday and that
a bomb threat was received at 7:30 p.m., which indicated that a
bomb was to explode in the stadium in about 1 h. In the analysis
of the traffic impacts and evaluation of potential strategies used
for traffic management, the period from 7 p.m. to 12 a.m. (5 h) was
simulated.
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It was assumed to be a sold-out game with 63,000 attendees.
The approximate travel mode choices were (a) 10% of attendees
used public transit; (b) 80% of attendees carpooled, with an average
occupancy of 2.46 persons per car; and (c) 10% of attendees drove
alone. This situation resulted in 26,782 vehicles, equaling the parking
lots’ total capacities (Figure 3). The worst-case situation in which all
the parking lots were full was considered. Evacuation traffic origi-
nated from the parking lots around the stadium. Evacuees head for
safe destinations outside the hot zone first, then home. The greater
Phoenix, Arizona area was included in the simulation model, in which
home locations were estimated on the basis of the travel demand data
provided by the Maricopa Association of Governments.
For the evacuation scenario, two cases were analyzed. The first
case applied the current traffic egress plan (the “Glendale Plan”).
In this case, four levels of temporal loading intensities (hurrying)
were examined: (a) a calm strategy in which evacuees were assumed
to follow habitual travel patterns but entered the network within a
window of 30 min; (b) a most aggressive strategy, in which evacuees
panicked and all tried to leave within a departure time window of
5 min; (c) an aggressive strategy, in which they left in a time window
of 15 min; and (d) a less aggressive strategy, in which they left within
a 30-min window. In strategies b through d the routes were determined
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FIGURE 3 Location of Arizona Cardinals game parking availability (27 ).
by instantaneous shortest paths; whereas in strategy a routes were
determined by weighted routes combining user-equilibrium and
shortest routes. Scenario a is referred to as the baseline evacuation
scenario.
A second case was then developed, in which the proposed strategy
first directed the vehicles away from the stadium in the quickest pos-
sible way, regardless of the intended destinations, and then allowed
these vehicles to leave for their final destinations. To avoid conflict
between evacuees and background traffic in the hot zone and to
permit smoother egress for evacuees, all inbound traffic was blocked
and only one-way outbound traffic was opened in the hot zone in
both cases.
Four shelters were defined:
1. Desert Sky Mall on West Thomas Road and North 75th Avenue,
2. Desert West Regional Park on West Virginia Avenue,
3. Christown Spectrum Mall on West Bethany Home Road and
North 19th Avenue, and
4. West Highland Shopping Center on West Thomas Road and
North 67th Avenue.
Analysis Results
Proposed Routing Strategy
After the optimization model was solved, a set of routing decisions was
generated; these decisions included safe destinations and the routes
between each parking lot to the safe destination. The solved desti-
nations, flows, and routes for each parking lot are tabulated in Table 1.
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Each lot–destination direction is associated with a set of routes for
a certain number of vehicles to follow.
Proposed Strategy: Contraflow Lane and Control
Flows in the proposed strategy are accommodated by contraflow
segments as follows (see Figure 4):
1. Westbound (WB) Glendale Avenue, from 99th Avenue to
Litchfield Road (safe destination), reverse two lanes, total four lanes;
2. Eastbound (EB) Glendale Avenue, from 91st Avenue to 67th
Avenue (safe destination), reverse one lane, total three lanes;
3. WB Maryland Avenue, from 95th Avenue to 99th Avenue,
reverse two lanes, total four lanes;
4. Northbound (NB) 91st Avenue, from Orangewood Avenue to
Northern Avenue, contraflow operation, total four lanes;
5. NB 91st Avenue, from Coyotes Boulevard to Glendale Avenue,
reverse one lane, total three lanes; and
6. Southbound (SB) 91st Avenue, from 6250 North to Camelback
Road, contraflow operation, total five lanes.
Examining the simulation results, critical roadways involving very
high traffic volume are (a) EB and WB Glendale Avenue, (b) NB and
SB SR-101, and (c) SB 91st Avenue. Critical intersections with
significant conflicting movements are (a) Glendale Avenue and 99th
Avenue, (b) Glendale Avenue and 91st Avenue, and (c) Camelback
Road and 99th Avenue. It is suggested that sufficient officers also be
deployed at these locations during an evacuation to assist movements
at these intersections.
Effectiveness of Proposed Strategy
MoEs of the proposed strategy, compared with other baseline sce-
narios, are listed in Table 2. As noted before, travel time to homes
includes entry queue time at the parking lots and trip time to final
destinations.
Table 2 indicates that for Case 1, vehicles spend almost 2 h getting
home; this includes about 30 min queued in the parking lots and 90 min
driving on the road. The same table also shows that vehicles’ leaving
hurriedly does not result in arrival at home sooner. Overall, the traffic
performance, in regard to travel times and trip times, is similar for
different aggressiveness levels. In fact, the calm strategy does slightly
better than the aggressive cases because drivers better anticipate the
traffic. The proposed strategy outperforms all scenarios in Case 1.
The queuing time is reduced to about 10 min because of less con-
gestion in the hot zone, also leading to an overall better travel time
at 120 min compared with 130 min in Case 1. A longer average trip
time is observed for the proposed strategy because of a longer distance
home from the designated safe locations. The lowest clearance time
for Case 1 is 165 min, whereas the proposed strategy leads to a 90-min
clearance time, equivalent to a 45% improvement.
Arrival curves A(t) plotted in Figure 5 illustrate the advantage
of the proposed strategy due to the UQF flow. The proposed strat-
egy takes 56 min after evacuation (min 30) to evacuate half of the
total evacuees versus 70 min for the same amount of evacuees in
the Case 1 calm strategy; the proposed strategy takes 75 min to
evacuate 80% of the total evacuees versus 108 min in the case of
the calm strategy.
TABLE 1 Destination Directions, Routes, and 
Flow for Proposed Strategy
Number of
Parking Lot Safe Destination Directions Vehicles
Brown and Kellis NB 91st Ave. 1,000
NB SR-101 1,073
EB Northern Ave. 1,270
Staff lot WB Glendale Ave. 2,000
Lots K, J, and L EB Glendale Ave. 728
NB SR-101 185
Lot G NB 91st Ave. 605
EB Glendale Ave. 604
Lots X, A, and B WB Glendale Ave. 1,903
NB SR-101 2,509
Gray lot EB Glendale Ave. 1,697
NB SR-101 300
Red lot NB 99th Ave. 813
SB 99th Ave. 1,626
WB Camelback Rd. 272
Orange lot NB 99th Ave. 1,000
SB SR-101 3,253
Green lot and YSF EB Glendale Ave. 1,000
EB Camelback Rd. 1,648
WB Camelback Rd. 1,648
SB 91st Ave. 1,648
Total — 26,782
NOTE: NB = northbound, EB = eastbound, WB = westbound, and 
SB = southbound.
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TABLE 2 Statistics of Evacuation Scenarios and Proposed Strategy (Evacuees Only)
Case 2
Proposed
MoE Calm Strategy Most Aggressive Aggressive Less Aggressive Strategy
Total travel time (h) 55,506 58,034 59,527 59,792 52,695
Avg. travel time (min) 124.4 130.0 133.4 134.0 118.1
Total trip time (h) 40,840 42,425 42,474 42,375 47,835
Avg. trip time (min) 91.5 95.0 95.2 95.0 107.2
Avg. queue time (min) 32.9 35 38.2 39 10.9
Clearance time (min) 165 168 167 167 90
Avg. number of exposed vehicles 11,637 12,673 12,833 12,839 8,576
Avg. exposure time (min) 73.0 79.5 80.5 80.5 53.8
Case 1
Glendale Ave
91stAve
Coyotes Blvd
Maryland Ave
6250 North
Bethany Home Rd
Camelback Rd
Stadium
93rdAve95thAve
99thAve
Contraflow
5 lanes
Reverse lane (2)
4 lanes
Reverse lane (2)
4 lanes
Reverse lane (1)
3 lanes
Orangewood Ave
Northern Ave
Contraflow
4 lanes
Reverse lane (1)
3 lanes
FIGURE 4 Contraflow plan in proposed strategy.
The average number of exposed vehicles and average exposure
times are also given in Table 2. The proposed strategy permits only
8,576 exposed vehicles versus the 11,637 vehicles in the Case 1 calm
strategy. The average exposure time for the proposed strategy is
53.8 min versus 73 min in the calm strategy. Overall, the proposed
strategy outperforms the calm strategy by 26.3% in both average
exposed vehicles and average exposure times.
CONCLUSIONS
In this paper a modeling framework was presented to obtain the
optimal zone-based vehicle tactical strategy for a no-notice scenario.
The prescriptive tactical strategy is based on solving a universal
quickest flow problem. Evacuees follow the optimal routes to the safe
locations and then select a behaviorally realistic route to their homes.
The route choice of background traffic due to a supply-side evacua-
tion strategy and a driver information strategy is carefully addressed.
Issues related to temporal loading intensity and queues at parking lots
are also discussed. The entire modeling framework has been applied
to a bomb threat scenario at a football game. Results show that the
proposed methods generate reasonable and meaningful results for
the intended no-notice scenario.
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